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Abstract— The increasing adoption of crowdsourcing for
commercial and industrial purposes rises the need for creating
sophisticated mechanisms in crowd-based digital platforms for
efficient worker management. One of the main challenges in this
area is worker motivation and skill set control and its impact
on the output quality. The quality delivered by the workers
in the crowd depends on different aspects such as their skills,
experience, commitment, etc. The lack of generic and detailed
proposals to incentive workers and the need for creating ad-hoc
solutions depending on the domain make it difficult to evaluate
the best rewarding functions in each scenario. In this paper,
we make a step further in this direction and propose the use
of aggregation functions to evaluate the professional skills of
crowd-workers based on the quality of their past tasks. Addi-
tionally, we present a real industrial crowdsourcing solution for
software localisation in which the proposed solutions are put
into practice with real text translations quality measures.
I. INTRODUCTION
THE generalisation of on-line social networks, the in-crease in the unemployment rates in many countries
because of the economic recession and the increasing need
of industry to flexibly involve human beings in big data
analytics and processing are just three important motivations
for the growth of the number of platforms and solutions using
crowdsourcing strategies. By using these strategies, complex
problems can be solved through the use of unparalleled
mechanisms to allow for the collaboration of thousands of
remote Internet users to solve a specific task, leveraging the
potential of emerging intelligence.
Trends seem to be pointing to this model as gaining the
position to complement cloud computing: connecting people
and machines in a single network. Nowadays, millions of
people are asynchronously analysing, synthesising, providing
opinion and labelling and transcribing data that can be au-
tomatically mined, indexed and even learned. Human brain-
guided computation is able to perform tasks that computers
can hardly do, at overwhelming speeds. Tagging a picture
or a video based on their content or answering questions in
natural language, are just a couple of examples.
Besides, the current economic recession affects millions of
families worldwide. Just as an example, the unemployment
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rate in Spain and Portugal was 26.7 and 15.5, respectively
(November 2013)1. With this situation, unemployment is not
only restricted to workers with low levels of education, but
it also affects highly qualified professionals. Apparently, this
situation is just marking the beginning of a long depression
period and it may be a catalyst for crowdsourcing to consol-
idate as a common new mechanism for outsourcing.
Different authors try to tackle one of the main challenges
in crowdsourcing: output quality [1], [6], [9], [11], [22], [28].
Quality is in general linked to the incentive mechanisms used
in a specific platform [8]. A clear motivation may potentially
lead to higher commitment and better quality. There may
exist many different types of incentives including financial,
social and moral incentives. Incentives may also be extrinsic,
such as money or social approval, or intrinsic, such as fun,
knowledge or moral satisfaction. Different mechanisms may
also respond to different purposes such as growing the com-
munity, increasing the speed or quality in task resolution or
retaining workers. In general, industrial applications pursue
lucrative objectives. Because of this, industrial applications
based on the crowd are quite more constrained in terms of
motivating the crowd and tend to reward workers econom-
ically. The work presented in [19], for instance, confirms
the importance of money compared to other motivations in
certain cases. From the industrial perspective, first steps have
been done to establish the basis for crowd coordination and
create rewarding mechanisms that are based on involving
human beings in the evaluation of the quality of other
workers through the so-called AV-Units [13]. To the best of
our knowledge, there are not generic mechanisms in order to
evaluate quality and reward workers in the crowd, that can
be adapted to different context and requirements. Besides,
complex tasks may require to classify workers in different
categories and reward them proportionally to the value they
provide to the whole resolution process.
In this paper, following the proposal in [13], we assume
that human beings are required to evaluate the quality of the
output of a task, as an indirect mechanism to evaluate the
skills of other workers in the crowd [5], [10]. We propose to
use the already calculated quality evaluation of past tasks
as the input of an aggregation function. The aggregation
function fuses them in a single datum able to summarise, rank
and determine the profile and skills of individuals. Taking
into account such profiles, we can better determine who are
the most suitable individuals for a given task and what is the
1”Seasonally adjusted unemployment”. Eurostat.
http://epp.eurostat.ec.europa.eu/cache/ITY PUBLIC/3-08012014-BP/EN/3-
08012014-BP-EN.PDF
fairest economical reward. Note that, aggregation functions
provide us a huge flexibility in the summarisation process,
allowing us to define rewards and punishments within their
weighting vector. Additionally to that, with our system it is
also possible to establish an automatic promotion system for
crowd workers based on their past tasks evaluations. This fact
may also increase the workers’ commitment for delivering
high quality tasks because their quality will determine their
future rewards.
This paper is organised as follows. Section II introduces
previous work including some basic properties of aggregation
functions. Then, Section III describes our approach for
worker Ranking automatic evaluation. Section IV presents
an example of a crowdsourcing platform developed at CA
Technologies2 for crowd-based text translation. Finally, Sec-
tion V concludes and draws some future research lines.
II. PREVIOUS WORK
Crowdsourcing [7], [3] is the practice of obtaining ser-
vices, ideas, or content by requesting contributions from
a large online community of people, rather than from
traditional employees or providers. For instance, Amazon
Mechanical Turk (mturk.com) is a crowdsourcing market-
place that enables companies or individuals to utilise human
intelligence to perform tasks that are difficult for comput-
ers. Other examples like CrowdFlower (crowdflower.com)
or ClickWorker (clickworker.com), extend Mechanical Turk
capabilities offering a variety of crowdsourcing services.
They improve quality by using gold standard units, redundant
reviews of each data unit, etc. Their workflow manage-
ment system divides complex tasks into smaller units and
distributes them among the crowd based on the profile of
individuals.
A. Quality Assurance in Crowdsourcing platforms
Venetis and Garcia-Molina propose “Gold Standard Per-
formance” to detect workers’ performance before the crowd-
sourcing task starts [22]. Workers’ characteristics such as
demographics or personality traits are related to the quality
of their work under specific task conditions [9]. The worker
perception of five quality assurance mechanisms is also
studied in [18]. In general, it is considered that inaccurate
acceptance or rejection may not only affect a specific task
in a platform, but may also encourage other fraudsters
to misbehave in the platform. For example, Hirth et al.
raise “Majority Decision Approach” [6] to judge whether
worker’s submission is correct in simple tasks, and using
“Control Group Approach” method in complicated cases.
Crowdsource the quality evaluation of the jobs performed by
the crowd to avoid the use of such gold standard units, has
been proposed as an alternative. The main idea behind this
proposal is that human beings are the best quality evaluation
method [5], [10].
2CA Technologies is a worldwide software and solutions provider that
helps customers to make ICT management more agile, secure and flexible.
There are also many other discussion on quality control
for crowdsourcing in certain fields such as real-time appli-
cations [11]. The debate on the relationship between task
quality and rewards has been analysed in [8]. For some
scenarios, this relationship has been studied not to be rele-
vant. For instance, in 2009, Yahoo’s research institute made a
quantitative analysis on the relationship between “Financial
Incentives” and “Performance of Crowds” [12], and found
that higher rewards can accelerate the accomplishment of
the task, but cannot improve its quality.
To our knowledge there have not been attempts to define
a generic incentive framework function that can be easily
adapted to different crowdsourcing cases.
B. Industry and Crowdsourcing
From an industrial perspective, crowdsourcing has two
main advantages. First, crowdsourcing delivers elasticity.
Analogously to cloud computing, by working with the crowd,
we have a virtually infinite number of resources that may
be allocated and deallocated depending on the workload.
Therefore, crowdsourcing offers flexibility in processes that
include human beings. Secondly, it eliminates middleman
costs. By building a platform to manage the crowd automati-
cally, direct access to the final workers is gained, eliminating
intermediate vendors that increase the cost of services.
As we mentioned in the introduction, the two main
challenges regarding human interactions in a crowdsourcing
platforms are: job quality evaluation and worker motivation.
Quality evaluation methods can be classified in three main
families: (i) automatic, (ii) by direct inspection of the job
provider and (iii) methods using the crowd itself as evaluator.
Clearly for most of the tasks, an automatic evaluation is
either impossible or can only guarantee a minimum quality,
otherwise it would be possible to set up a completely
automated solution without human intervention. Evaluation
by the job provider has an inherent scalability problem, since
the crowd can produce a large amount of work and the job
provider has a finite amount of expert resources to evaluate
it. The only way in which both problems can be overcome is
by using the crowd for the evaluation, but this solution has
the potential problem of trustworthiness and management of
opinion and criteria disparity.
In terms of worker motivation, existing crowdsourcing
platforms use a combination of the following extrinsic incen-
tives to keep a working community engaged: (i) economical
rewards, (ii) gamification, e.g., public scoreboards, and (iii)
free training. For instance, Mechanical Turk pays workers
and Duolingo3 gives free foreign language training while
users actually translate strings, using gamification strategies
to motivate users to improve their language skills (and thus
translating more).
In [13] the authors propose an approach to deal with these
two challenges (quality evaluation and worker motivation),
by using a general mechanism to also crowdsource the
quality evaluation of a job performed by the crowd and
3http://www.duolingo.com/
give workers economical rewards based on the quality of
their work. To build a trustworthy crowdsourcing system
effectively, two essential aspects have to be addressed:
mechanisms for worker coordination to guarantee the correct
evaluation of quality, and a reliable mechanism to monitor
the skills of workers. Is in this latter aspect that aggregation
functions play a central role.
1) Crowd-based quality evaluation.: The general mecha-
nism of [13] that guarantees job quality is based on the idea
that human beings are the best quality evaluation method
in many situations [5], [10]. Any complex task is subdivided
into a series of subtasks called Action-Verification Units (AV-
Unit). AV-Units establish relationship patterns between the
workers of the crowd to help them to provide a higher degree
of quality working in a collaboratively manner.
Fig. 1. Action-Verification Unit (AV-Unit) [13]
Figure 1 depicts an AV-Unit. As we observe, an AV-Unit
is divided into two phases: Action and Verification. In the
Action phase a single worker performs a specific action. In
the Verification phase a set of workers verify the quality of
the output generated in the previous Action phase. If the
workers in the Verification phase consider that the quality
provided is below a certain threshold, they might ask the
first worker to repeat or improve the action. This process
may be repeated iteratively until the output has reached a
certain level of quality or the workers in the Verification
phase decide to substitute the initial worker (or the worker
is not available anymore). In practice, the Verification phase
in the AV-Unit acts as a quality filter barrier, that does not
allow to proceed with the process until the quality of each
step in this process is approved by a set of human evaluators
working collaboratively. Note that when more than one
worker participates in the Verification phase, an aggregation
function is also used to aggregate the decisions (scores) of
each individual worker and produce a final decision (i.e., the
job has the required quality or not).
C. Aggregation Functions
Aggregation functions [21] are numerical functions used
for information fusion that combine N numerical values
into a single one. These operators are formally described
as follows:
Definition 1: Let X := {x1, . . . , xN} be a set of infor-
mation sources, and let f(xi) be a function that models the
value supplied by the i-th information source xi (for the sake
of simplicity we often denote f(xi) by ai), then a function
C : RN → R is said to be an aggregation function if it
satisfies:
1) C(a, . . . , a) = a (unanimity, also known as idempo-
tency)
2) C(a1, . . . , aN ) ≤ C(a′1, . . . , a′N ) if ai < a′i (mono-
tonicity)
There are several aggregation functions in the literature
(see e.g. [4], [21] for further review). Among them, the most
well-known aggregation functions are the arithmetic mean
(AM ) and the weighted mean (WM ).
Yager defined in [24] the Ordered Weighted Averaging
(OWA) aggregation function as a weighted linear combina-
tion of order statistics. In short, it works like a weighted mean
after ordering the values ai. We provide below a definition
of the OWA operator using a non-decreasing function, as this
is the most useful approach in our context.
Definition 2: Let Q be a non-decreasing function in [0, 1]
which satisfies the boundary condition Q(0) = 0 and Q(1) =
1, then the mapping OWAQ : RN → R defined as follows is
an OWA operator:
OWAQ(a1, . . . , aN ) =
N∑
i=1
(
Q(i/N)−Q((i− 1)/N))aσ(i)
where σ is a permutation of {1, . . . , N} such that aσ(i) ≥
aσ(i+1).
This operator has several properties. We underline the
following ones:
i) For all Q, it holds that:
min
i
ai ≤ OWAQ(a1, . . . , aN ) ≤ max
i
ai.
The choice of the function Q allows us to modulate
OWAQ from the minimum to maximum function.
For example, when we consider the family of func-
tions Qα(x) = xα, also called Yager Quantifiers,
we have that large positive values of α lead to an
OWA near to the minimum and, on the contrary,
values of α near to zero lead to an OWA near to
the maximum. Besides, when a = (a1, . . . , aN ) is
fixed, OWAQα is non-decreasing with respect to α.
ii) The OWA operator is symmetric for all Q. That is,
the order of the parameters is not relevant for the
computation of the output.
OWA operators are generalised by Choquet integrals [23]
with respect to fuzzy measures, a family of fuzzy integrals
that can be used for information fusion. In short, given
a function f that represents the information supplied by
the sources in X , the Choquet integral of f represents an
aggregated value of those in f . In such integrals, fuzzy
measures play the role of weights in the weighted mean.
Recall that a fuzzy measure µ is a set function over X such
that the two boundary conditions hold (i.e. µ (∅) = 0 and
µ(X) = 1) and µ(A) ≤ µ(B) for every two subsets A ⊆ B
of X . A fuzzy measure is symmetric if it only depends on
the cardinality of the set.
Formally, the Choquet integral is defined as follows:
Definition 3: Let µ be a fuzzy measure on X; then, the
Choquet integral of a function f : X → R+ with respect to
the fuzzy measure µ is defined by
(C)
∫
f dµ =
N∑
i=1
aσ(i)[µ(Aσ(i))− µ(Aσ(i−1))]
where σ is a permutation such that aσ(i) ≥ aσ(i+1) and
Aσ(i) = {xσ(1), . . . , xσ(i)}.
The Choquet integral with respect to the fuzzy measure
µ(A) = Q(|A|/N) is precisely the OWAQ operator. This
equivalence shows that OWA weights do not depend on the
information sources nor possible relations between them.
On the other hand, such independence is not required in
the definition of a fuzzy measure and further aggregation
functions can be defined with the Choquet integral (see
e.g. [21] for a definition of the Weighted Ordered Weighted
Averaging (WOWA) operator).
When a symmetric fuzzy measure is used, the Choquet
integral is symmetric as the OWA operator. This property
also holds for other fuzzy integrals. In particular, it also holds
for the Sugeno integral [23]. Formally, the Sugeno integral
is defined as follows:
Definition 4: Let µ be a fuzzy measure on X; then, the
Sugeno integral of a function f : X → [0, 1] with respect to
the fuzzy measure µ is defined by
(S)
∫
f dµ =
N∨
i=1
(as(i) ∧ µ(As(i)))
where ∨ stands for maximum, ∧ stands for minimum, s
is a permutation such that as(i) ≤ as(i+1) and As(i) =
{xs(i), . . . , xσ(N)}.
In particular, we can choose the symmetric fuzzy measure
µ(A) = Q(|A|/N) as in the Choquet integral, obtaining an
equivalent to the to the OWMax operator defined by Yager
in [25].
Definition 5: Let Q be a non-decreasing function in [0, 1]
such that Q(0) = 0 and Q(1) = 1, then the mapping SIQ :
RN → R defined as follows is a Sugeno integral of a function
f : X → [0, 1] with respect to the fuzzy measure µ(A) =
Q(|A|/N):
SIQ(ai) =
N∨
i=1
(as(i) ∧Q(i/N))
where s is a permutation such that as(i) ≥ as(i+1).
The twofold integral [14], [20] is a generalisation for
both Choquet and Sugeno integrals. The twofold integral
is a fuzzy integral that aggregates a function with respect
to two fuzzy measures. The rationale of this generalisation
is that the semantics of both measures are different. In
particular, the measure in the Choquet integral is seen as
a ’probabilistic flavour’ measure, and the measure used in
the Sugeno integral is seen as a ’fuzzy flavour’ measure. We
use µC to denote the measure that corresponds to the one
in the Choquet integral, and µS for the one in the Sugeno
integral.
Definition 6: Let µC and µS be two fuzzy measures on
X, then the twofold integral of a function f : X → [0, 1]
with respect to the fuzzy measures µS and µC , denoted
TIµS ,µC (f), is defined by:
n∑
i=1
(( i∨
j=1
as(j) ∧ µS(As(j))
)(
µC(As(i))− µC(As(i+1))
))
where s is a permutation such that 0 ≤ as(i) ≤ as(i+1) ≤ 1
and As(i) = {xs(i), . . . , xs(n)}.
III. USING WORKER RANKING FOR TRUSTWORTHINESS
MEASURING
The success of AV-Units highly depends on the workers’
profile. Involving many workers with low skills in an AV-
Unit, might have a negative impact on the final quality. In
most of industrial processes, quality standards are high and
trusting the individuals in the crowd and their capacity to
carry out the different tasks assigned to them is essential.
Because of this, the main concern of a crowdsourcing plat-
form is to monitor workers in order to evaluate and update
their skills based on the quality of their past tasks.
To cope with this requirement, we propose to use a
ranking systems that dynamically modifies the worker skills.
Specifically, there are several aspects that might influence
such a ranking system:
• The worker quality is measured from the output of
their past jobs: it is necessary to establish rewarding
and penalty measures that modify the ranking of the
workers in the crowd. In general, the actions with a
higher impact for workers are those performed in the
Action phase of an AV-Unit. However, it would be also
possible to modify the ranking of workers based on their
activity when they are acting in a Verification phase.
• General behaviour of the workers in the crowd:
other aspects might influence the ranking, i.e. worker
commitment, career, etc. For instance, a worker might
click very fast in order to get solutions quickly and get
an economical reward. Although, improper behaviour
will lead with high probability to bad quality, taking into
account behavioural patterns may help to multiply the
positive or negative impact of actions in the correspond-
ing worker’s ranking and speeding up the detection of
incorrect behaviour.
The main idea behind using ranking systems is that a
worker with a higher rank will be more trustworthy than
workers with lower ranks. Therefore, it is possible to set
a fair payment system where workers quality modulates
the economical reward, increasing in this way the workers
motivation to deliver high quality outputs in their future
tasks. Additionally, ranking systems might allow us to au-
tomatically determine the most suitable workers for a given
task.
A. Automatic Worker Ranking Determination
As aforementioned, a natural way to determine the rank
of crowd workers is by combining the quality values of their
previous works. This can be achieved by using aggregation
functions. Concretely, foreach Action unit of previous AV-
Units, denoted by xi, that has at least one Validation value
ai, it is possible to combine all these quality values ai in
a single aggregated number C(a1, . . . , an). Note that, for
a worker, this aggregated value cannot be bigger than the
maximum quality achieved for any of his previous works
nor lesser than the worst.
The choice of the aggregation function will lead to dif-
ferent ways of promoting and demoting crowd workers.
For instance, the use of the arithmetic mean (AM) equally
considers all previous works, independently on whether a
task has been recently delivered or not. In this case, a
bad quality task delivered during the training period counts
exactly the same as a more recent task when the worker skills
are better. To overcome this issue, we can replace the AM by
the weighed mean operator (WM), doing this it is possible
to give more importance to recent tasks than older ones.
On the other hand, by using OWA operators it is possible
to emphasise extreme quality values. For example, using the
fuzzy quantifier Q(x) = xα with α close to 0, we are giving
more importance to the highest quality tasks of a certain
worker, without taking into account when the task was done
(near in the past or not). In this setting, we are assuming that
future tasks will also have a high quality because the worker
finalised in the past (at least one time) a high quality task.
On the contrary, by using OWA operators with the same
fuzzy quantifier but with α = 2, the bigger the growth of the
quantifier is when x values are near to one. Therefore, the
associated weight of the low quality tasks will be bigger than
the high quality ones. In this setting, we are penalising a lot
workers with some low quality tasks. In this model, workers
will find more difficulties to improve their rank. Finally, we
can reduce the relevance of possible outliers by choosing
a fuzzy quantifier Q(x) with slow growth near x = 0 and
x = 1.
In certain industrial scenarios, it may be interesting to
consider both dimensions: task quality and when the task
was delivered. To do this, it is necessary to use the twofold
integral. In this integral, it is possible to include two fuzzy
quantifiers, one for delivering time Qt and another for task
quality Qq .
IV. CROWD-BASED TEXT TRANSLATION: A PRACTICAL
EXAMPLE
For this example we use a crowdsourcing platform for
software and text localization (similar to text translation [15],
[27]) that is being developed by CA Technologies (CA),
applying the aforementioned AV-Units for ensuring task
quality. In such platform, crowd workers are divided into
three disjoint categories: newcomers, associates and seniors.
Figure 2 presents a description of each category. Newcomers
are workers that use the platform to learn and improve their
professional translation and post-edition (reviewing manually
the out put of an automatic translation) skills. They do not
receive any economical reward for their translations and
quality in real translations never depends on their work, but
they receive feedback from senior translators to improve
their skills. The platform also offers them many training
examples. The main task of associate workers is to post-
edit texts and their economic reward mainly depends on
the text length. Finally, senior workers are those that know
CA quality standards for translations and have proven very
high skills in translation and post-edition. Their main task
is to verify the work done by associates and provide them
feedback to improve the quality of their translations and, as
a consequence, their rank to become seniors. Note that, the
economical reward of a senior translator is higher than that
of an associate translator. The platform also considers that an
associate translator becomes a senior translator if the quality
of translations is high compared to the quality obtained by
senior translators.
A. TQI, a Quality Measure For Text Translation
Translation Quality Index (TQI) [16] measure is the stan-
dard way to evaluate the quality of a professional translation.
To compute the TQI, it is necessary that an expert review the
translated text to detect the errors and evaluate their severity.
Therefore, TQI measure reflects the criterion of such expert.
To help experts to decide the severity level of an error, CA
Technologies provides the following categories:
Sev1 Linguistic issues that bring the most direct (critical)
impact to end users, such as:
• unexpected functional results, which are dif-
ferent from the English product descrip-
tion/statement
• deterring subsequent operations from product
execution
• causing product features to fail
• carrying negative legal, political, security, and
financial consequences or cultural noncompli-
ance
Sev2 Linguistic issues that bring indirect yet substantial
impact, leading the end user to:
• difficulties in understanding functionalities and
technologies invented and developed in CA
products
• misleading or incorrect interpretation of con-
cepts for CA products
Sev3 Linguistic issues that do not impact the end user
operation, yet impact the end user experience such
as:
• spending additional time trying to figure out
the meaning of descriptions/statements
• inconsistencies when trying to read product
materials
• incompatibilities with layout and formatting
Sev4 Linguistic issues with minimal impact to overall
end user experience, such as:
• noticeable and tolerable minor linguistic flaws
• layout and formatting errors that are only vis-
ible by comparing to the English source
Fig. 2. Translator categories at the CA Technologies crowdsourcing platform for localization.
TABLE I
TEXT QUALITY LEVELS BASED ON TQI RANKING.
Level Criteria
Excellent TQI ≥ 90
Good 80 ≤ TQI < 90
Fair 70 ≤ TQI < 80
Acceptable 60 ≤ TQI < 70
Reject TQI < 60
Once all the translation errors have been detected and
categorised, TQI is calculated as follows,
Total = (a1 ∗ 6) + (a2 ∗ 2) + (a3 ∗ 1.2) + (a4 ∗ 0.8)
TQI = 100− (40 ∗ (Total/Reviewed Word/0.01))
where ai means the number of Sev i issues detected in
the text. The final quality levels of a given translation are
ranked in five categories, as it is depicted in Table I. In the
next section, we use similar quality levels to decide whether
a worker is ranked as newcomer, associate or senior.
B. AV-Units Applied to Text Translations
In this section, we present how to use AV-Units to create
a crowd-based platform for text translation. The platform
works as follows: Firstly, the source texts go through a rule-
based machine translation engine and a first automatic trans-
lation is produced. Secondly, the original and the machine-
translated texts are sent to external human translators who
post-edit the text written in the target language, we call
this step as post-edition step (PE), and it corresponds to the
action part of the AV-Units methodology. Thirdly, multiple
(from one to three) text verifications are performed by CA
translators. It is important to note here that verifiers cannot
modify text, they can only inform about detected errors. We
call this part verification step (VE), and it corresponds to
the verification part of the AV-Units. If the translation does
not reach the minimum quality level (TQI ≥ 80), a new PE
and VE steps are performed. To avoid infinite loops, in this
second round verifiers are allowed to modify the text if they
think it is required to maintain a TQI quality up to 80. After
this process, the text is ready to be published.
C. Worker Categories and Promotion Mechanisms
As we have introduced before, workers are ranked into
three different categories. To determine a worker category,
we aggregate the TQI values obtained in the past into an
overall TQI value, as it is explained in Subsection III-A.
Table II depicts worker categories from the obtained overall
TQI values. The platform assumes that the minimum overall
TQI level for being considered an associate translator is
equal to 60. Remember that translations with a TQI quality
measure below 60 are rejected. For being considered a senior
translator, the overall TQI obtained by a worker must be up
to 80, since this is the minimum level required for being a
CA internal translator.
In the platform, workers are automatically promoted or
demoted depending on the overall TQI obtained in their past
translations.
TABLE II
WORKER RANKING CATEGORIES.
Category TQI value
Senior TQI ≥ 80
Associate 60 ≤ TQI < 80
Beginner TQI < 60
D. Numerical Examples
Experiments have been done using the weighted mean
(WM), OWA operator and the twofold integral on three
different associate workers (A, B and C). Table III shows
their last 10 obtained TQI values (x1 to x10) together with
TABLE III
LAST TQI VALUES FOR WORKERS A, B AND C. x12 IS THE LAST ONE.
x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12
A 65 63 62 64 66 71 72 74 77 78 84 87
B 72 65 64 70 68 69 73 72 70 72 74 73
C 77 80 76 74 75 70 68 65 61 60 59 52
TABLE IV
SUMMARY OF THE OBTAINED VALUES BY THE WEIGHTED MEAN (WM),
THE OWA OPERATORS AND THE TWOFOLD INTEGRALS.
WM OWAQe0.6 OWAQe2 OWAQs0.5
10 12 10 12 10 12 10 12
A 74.2 80.1 71.6 75.6 66.0 67.4 68.7 71.1
B 70.9 71.9 70.5 71.2 67.9 68.5 70.0 70.7
C 64.6 59.6 73.2 71.3 66.9 63.4 71.4 68.8
TI(Qt0.0) TI(Q
t
0.1) TI(Q
t
0.2) TI(Q
t
0.4)
10 12 10 12 10 12 10 12
A 71.6 75.6 71.3 75.0 70.2 72.9 68.7 70.9
B 70.5 71.2 70.3 71.0 70.3 71.0 69.1 70.6
C 73.2 71.3 72.4 70.7 72.0 70.3 71.0 69.4
two new TQI values, in bold, (x11 and x12) which must be
considered to recalculate their new ranks. Worker A starts
obtaining a bad performance, but at the end the quality of
the translations are almost in the senior category. On the
other hand, the quality of worker C is decreasing slowly.
We want to test our aggregation functions by adding two
more scores to each worker: A started to produce translations
with a senior quality, worker B remains as an associate
worker, and quality of worker C is on newcomer level. For
the aggregation functions, three different families of fuzzy
quantifiers were considered.
1) Qeα(x) = x
α
2) Qsα(x) = 1/(1 + e
10(α−x))
3) Qtα(x) =
{
0 if x ≤ α
1 if x > α
Here, Qe stands for exponent, Qs for sigmoidal and Qt
for threshold families. α values have been manually defined
in each example.
In Table IV one can find a comparison between different
aggregation functions before and after the addition of the
two new TQI values (x11 and x12). Weights wN−i =
((i+1)/N)0.3− (i/N)0.3 in the WM were chosen assuming
that the most recent TQI scores are the most relevant. Due
to the extraordinary good performance of worker A in her
last two translations, the WM operator promotes him to the
senior category. On the other hand, worker C is penalised
by his recent bad quality translations and his new category
is newcomer. This model is appropriate for companies who
want to frequently update their workers status.
By using OWA operators we focus on the TQI values
themselves, instead of when they were obtained. For exam-
ple, considering Qe0.6 we always reward the best translations
ever done. In this case, worker C does not get much penalised
because in his initial works he obtained very good TQI
values. For the use of the OWA operator with the exponential
Fig. 3. Graphical representation of Qeα for several α values.
function Qe2, one can observe that the very good performance
of worker A in his last tasks does not considerably affect his
updated ranking. In this model, worker A needs to produce a
large quantity of good quality translations in order to obtain
the senior status. Finally, by using the sigmoidal function
Qs0.5, we remove possible outliers in the TQI scores and
focus on the average quality values. In this last example, the
updated rank of the three workers is around 70 because this
is their average task quality.
The twofold integral can be used as another tool to
remove the relevance of possible outliers. The fuzzy measure
µS(A) = Q
t
α(|A|/N) will reduce the 100α% biggest TQI
scores to a lower score obtained by the worker. For example,
with α = 0.2 we are reducing a(1) and a(2) in our example to
a(3) and then we aggregate the values with an OWA operator.
We can choose an operator that rewards good performance
avoinding concerns about a potentially unfair fast growth in
a worker score. In the underneath part of Table IV one can
find a summary of the obtained values with the fuzzy measure
µS(A) = Q
t
α(|A|/N) for α = 0.0, 0.1, 0.2, 0.4 and the fuzzy
measure µC(A) = Qe0.6(|B|/N). In the α = 0.0 case, the
obtained values are exactly the same than in the OWAQe0.6
operator since we did not modified the original TQI scores.
With α > 0.0, one can see that the growth of worker A rank
is not as large as in the original OWA operator.
V. CONCLUSIONS
In this paper we have studied the problem of combin-
ing past quality task evaluations using several aggregation
functions to automatically determine worker category in a
crowdsourcing platform holding a large professional com-
munity with different professional profiles. We have studied
different cases to adjust the platform behaviour modifying the
aggregation process (selected function and fuzzy measure).
In this way we can set an automatic management system for
worker promotions and demotions. We have also introduced
a real crowd-based platform for text translations, describing
how our ideas can be deployed in it.
In the near future, we will study the use of aggregation
functions to determine the fairest economical reward for a
given text, worker and final quality of the current translation.
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